Abstract. School performance tables emphasising aggregate examination scores have become an enduring feature of the educational landscape. These tables are problematic, even flawed, as a guide, given the recognised broad link between pupil performance and the social and economic environment in which they live. There is continued interest in being able to contextualise school examination scores so as better to reflect relative achievement. The inherent spatiality of inequalities lends itself to analysis using geographical information systems (GIS), particularly in the task of creating context from geodemographic and lifestyle data. In this paper I explore a methodology for creating and analysing a contextual index of ambient disadvantage centred on robust normalisation of data and illustrate this by using census variables, pupil numbers, and test scores for 3687 primary schools in the north of England. Relevant census variables are interpolated using ordinary kriging with an element of smoothing so as to simulate, to some extent, the effect of school catchment areas. Key features of using robust normalisation are that variable weights can be tested and the internal level of support for an index, the weighted absolute deviation, can be calculated and mapped. This latter quantity provides a quality measure for an index. The methodology is critically assessed in relation to other recent approaches.
Introduction
Comparative performance indicators in the form of`league tables' have become an enduring (if blunt) instrument in the United Kingdom for assessing diverse aspects of public service provision. The current political agenda has a firm focus on primary school education as one among a number of critical public services that determine electorate opinion. Inspection reports from the Office for Standards in Education (OFSTED) and school performance tables from the Department for Education and Employment (DfEE) have confirmed the long recognised and obvious conclusion that there exists a range of standards in the provision. The most easily accessible and comparable data for parents facing a choice between schools are the performance tables which emphasise aggregate examination scores. These are published annually in the newspapers and interactively on the Internet (for example: www.upmystreet.co.uk; www.underoneroof.co.uk; and, of course, the DfEE's own web pages). The underlying philosophy of compiling these performance tables is that they will adequately inform parental choice in a schools market and hence provide an impetus for school self-improvement (DfEE, 1997 ). Yet it is widely accepted that these types of tables of aggregate examination scores provide a problematic, even flawed, guide to the performance of schools (Gibson and Asthana, 1998; Goldstein, 1999; Murphy, 1997; Woodhouse and Goldstein, 1988) . Nevertheless, such tables have become an entrenched feature of the educational landscape for parents, teachers, and policymakers. Given the accepted broad link between examination performance and the social and economic context of schools (Bradford, 1991; Gibson and Asthana, 1998; Gordon, 1996; Higgs et al, 1997a; Kelly, 1996; McCallum, 1996) , what is worth further exploration is a means by which indices can be constructed to quantify social and economic context and how this might better indicate the relative performance of schools that league tables are supposed to signify.
Constructing and evaluating contextual indices using GIS: a case of primary school performance tables The objective of this paper is to explore a methodology, using geographical information systems (GIS) and robust normalised data, for the construction of local contextual indices using data for 3687 primary schools in the north of England (figure 1). Thus, although this paper is primarily methodological, the focus is not just a matter of statistical construction but also of spatial variability. The study was undertaken as part of a Workshop on Investigating Locational Data, organised by the North-West Regional Research Laboratory at Lancaster University, in which each participant presented an analysis of exactly the same data set depending on their particular research objectives. This paper is structured as follows.
In section 2 there is a brief scene-setting review of contextualising school performance and the role of GIS, followed in section 3 by a statement of the problems inherent in the construction of contextual indices. A description of the primary school performance data, the contextual socioeconomic data, and their implications for this study appears in section 4, and a description of the methodology and presentation of the results for the 3687 primary schools follows in section 5. In section 6, I discuss the worked methodology in relation to other recent approaches and in the final section I offer some conclusions from this study.
Contextualising school performance
Numerous factors are likely to impinge on the performance of pupils in schools, not least the attitudes of teachers, the quality of their teaching, the resources at their disposal, and so on. There is also likely to be considerable divergence in aims and objectives between schools. It has, however, long been recognised that there is a broad link between pupil performance, their home environment, and the surrounding social and economic environment in which they live. The Plowden Report (1967) into primary school education concluded that home environment has a considerable influence on performance, and follow-up studies by Peaker (1967) argued that material circumstances were a greater determinant than attitudes. Batten (1975, page 23) states that`t he universal and consistent variations by social class in the distribution of life chances in general and educational opportunities and attainments in particular are now documented beyond peradventure''. Although political intervention in education through the decades has sought to bring about social and economic equality, doing away with educational inequalities may not and has not done away with social and economic disadvantage. Pupil context in education continues to be an important factor, with recent studies focusing on GCSE attainment (for example, Bradford, 1991; Coombes and Raybould, 1997; Gibson and Asthana, 1998; Gordon, 1996; Kelly, 1996; McCallum, 1996; Thomas and Mortimore, 1996) . These studies consistently show strong correlations between socioeconomic variables and examination performance. Kelly (1996, page 14) , for example, found that``over half the variation [in GCSE scores] between non-selective schools is accounted for by... the percentage of pupils entitled to free school meals''. Such correlations may not imply a deterministic link between socioeconomic context and examination performance but they do reinforce the idea that the best examination resultsö the`beacon' schools ö may not necessarily reflect the best teaching so much as an advantageous context, whilst some poorer examination results ö`failing' schoolsö may have excellent teaching practice undermined by a disadvantaged context.
Given the absence of any proven deterministic models of context on school performance, contextualising school performance in a fair and equitable manner is no straightforward task. Bradford (1991) , whilst contending that without adjustments (for context) test results can be misleading, questioned whether suitable adjustments were indeed possible. Nevertheless, a number of authors have studied value-added measures of secondary school performance (Budgell, 1995; Gibson and Asthana, 1998; Sammons et al, 1994; Thomas and Mortimore, 1996) and it is still an ongoing area of research. A wide range of variables is possible for choice: structural variables on school composition and type, pupil data on prior attainment and free school meals (FSM), census variables on the socioeconomic composition of the neighbourhood or catchment area. Studies to identify the significance of variables have employed ordinary least squares, stepwise multiple regression, factor analysis, and multilevel modelling. Thomas and Mortimore (1996) compare several measures and have found that pupil intake factors (from primary school) explain the greatest variation in pupil outcomes at GCSE level, and that, in the absence of such data, school context data (particularly FSM) and census variables on pupil background are adequate. Census data are, however, the most widely available and offer considerable richness of variables, have documented metadata, and are cost-effective for contextual studies at a national or regional level. Obvious drawbacks, however, are the proxy nature of variables for measures such as income, and the age of the data when we are this close to another decennial census.
One key issue is adequately characterising the catchment area of a school and hence the context of the pupils drawn from it. OFSTED reports define the`neighbourhood' of a school as the area covered by three neighbouring wards and contextualise inspection visits using census data from these wards. Given the deregulation in catchment areas since the Education Reform Act of 1988, it is now problematic to define adequately school neighbourhoods and hence their contextual characteristics from census data without reference to the postcodes in pupil address files. This is one area where GIS have considerable potential in contextualising school performance through geocoding via address files (for example, using`Address-Point') and providing linkages to zonal census data (Clarke and Langley, 1996; Higgs et al, 1997b) . Such detailed spatial characterisationöassuming address files for examined cohorts were made available for every schoolö with linkages to prior performance data (again to be consistently compiled), FSM data, and so on for regional and national analysis, although technologically feasible, may well have questionable cost^benefits to say nothing of the confidentiality issues involved. Nevertheless, GIS remain appropriate tools in the search for meaningful contextualisation as inequalities and deprivation are inherently spatially varying phenomena.
For aggregated area-based studies, such as school catchments, the question of the ecological fallacy arises (Robinson, 1950) . Bradford (1991, page 322) , drawing on earlier work, states that``the place within a catchment area affects [pupil] attainment'' and hence points to ecological affects of contextualising performance at catchment levels. Fieldhouse and Tye (1996) , for example, have considered the question of ecological fallacy in area-based deprivation measures and found that, although multiple deprivations are associated with particular social groups and geographical areas, the relationships at the level of the individual were not as strong as might be suggested by the aggregate data. The fallacy does, to a degree, exist. However, official performance tables have fixed the level of resolution at the aggregate level of the school and do not consider either variation of results within a school or the performance of individual pupils. Any contextualisation conducted at this aggregate level, although debatable and not reflecting individual pupils, is nevertheless explored in the absence of more detailed individual-level data either regionally or nationally. This study primarily focuses on a method of deriving an index from census variables and applies it to contextualise aggregate primary school performance tables at catchment-area resolution.
Which index?
A wide range of measures have been used to quantify and compare levels of material and social deprivation in the United Kingdom over the past 30 years. For example, five such measures are compared by Morris and Carstairs (1991) and ten measures in current use are analysed by Lee et al (1995) . Although some are clearly popularöthe Townsend Index (Townsend et al, 1988 ) and the DOE91 Index or its updated equivalent the DETR98 Index (Department of the Environment, Transport and the Regions, 1998)öthere is little agreement on the types of indicators to be used, what they are to incorporate, and how they are to be calculated. The methodological issues of constructing indices of deprivation are discussed by Lee et al (1995) , Morris and Carstairs (1991) , Noble et al (1995) , and Rogerson et al (1989) and can be summarised as:
(1) choice of variables and their definition; (2) transformation and standardisation of variables; (3) weighting of variables; (4) method of combining variables into an overall measure; and (5) validation.
Although constructing an index depends on the specific policy objectives (for example, reducing some inequality), a fundamental distinction must be made between indices developed for different purposes. Thus an index may be: (a) a predictive model (similar to multiple regression); (b) a method of ranking for prioritisation in resource allocation; (c) a method of providing required or additional context to a table or ranking; (d) a method of reducing data dimensions. In the case of an index that is a model, it must be assumed that the variables and the resultant index either are deterministically linked with the phenomenon or explain a high proportion of the variance of what is to be predicted. A contextual index, on the other hand, need not be so strictly construed, although clearly it should adequately subsume the dimensions of the context and explain an appropriate level of variance given that other factors not included in the index are at play. A contextual index for primary school league tables is what is being sought here; one that reduces multidimensional socioeconomically derived inequalities to a single dimension.
The second issue, then, is to define what context and at what spatial scale the index is to be measured. For primary school`Key Stage 2' test ratings, the context being sought here concerns a description of the impediments to formal attainment in school arising from the general social and economic environment of pupils' lives (attitudes, material possibilities, and so on of the home background and its surrounding area). This context will be referred to here more simply as ambient disadvantage. Although, for GCSE performance, pupil-specific data on prior performance and FSM have shown considerable explanatory power, FSM has come under criticism as a variable (since application for FSM is voluntary or may be subject to fraud) and for primary schools there are no consistent prior performance data (though even prior performance may need contextualising). In the absence of any such pupil-specific data, census data provides a richness of proxy variables with which to build a contextual picture. Table 1 (see over) gives the variables chosen as candidates for this study on the basis of the literature on both deprivation indices and contextualising school performance that are cited above. Thus, these variables have been chosen on the basis of empirical evidence (such as Gordon, 1996; Higgs et al, 1997a) and are presented at this stage for possible inclusion in a contextual index. The scale at which such context is to be measured is the school catchment area. However, as noted above, this is problematic without pupil address files and is subject to further discussion in sections 4 and 5.
With respect to data transformation and standardisation, a range of approaches are adopted in the literature (including using just the raw data). The need for such data manipulation is illustrated in figure 2 which shows boxplots and frequency distributions for two of the census variables, the test rating data and the number of pupils assessed. These show different distributions and scale ranges, and present methodological problems in bringing these together into indices. The purpose of transformation (such as taking the logarithm of the values) is to attempt to make the distributions similar, usually to approximate a normal distribution, whereas the purpose of standardisation (such as z-score transformation) is to try to unify the scales. The overall objective is to ensure that any single variable does not have a disproportionate effect on the index (Bradford et al, 1995) . Weights can be introduced to emphasise some variables and reduce the influence of others in calculating the final index. The choice of weights (or even to do without, which is the same as equal weights) appears largely subjective and needs more careful study. Data transformation, standardisation, and weighting are central issues in the methodology presented in section 5.
Finally comes the issue of validation. In theory all indices should be validated against higher order sample surveys. However, because of a lack of theories concerning the nature of poverty and deprivation, very few indices have been validated (Lee et al, 1995) öincluding Townsend and DOE91. The assumption is that if the choice of variables and the construction of the index are sound then the results will be representative. Within the scope of this study, scientific validation of indices has not been possible because of the lack of an established deterministic link between socioeconomic background and primary school performance. Nevertheless, the methodology presented in section 5 permits the systematic analysis of variable inclusion and of varying the weights to achieve an index with the greatest internal consistency and the highest correlation with the primary school test ratings.
Df EE primary school performance data
The data on which this study is based were issued as a`challenge' for a Workshop on Investigating Locational Data, organised by the North-West Regional Research Laboratory at Lancaster University. The data concerned 3687 primary schools in the north of England (figure 1) with fields giving school name, local education authority (LEA), postcode, geographical coordinates, ward reference, number of pupils taking Key Stage 2 tests in 1997, aggregate test scores for English, Mathematics, and Science (out of 100), and an overall rating score (out of 300) which is the sum of the three subject test scores. This study concerned itself with the overall test rating for the schools and the number of pupils for which that rating was achieved. Two important issues arise from the nature of this data set: data completeness, and resolution of geographical coordinates. The data released by the DfEE are for primary schools where more than ten pupils take the tests. Results for primary schools with smaller numbers are not released owing to concerns over confidentiality of individual pupil performance. Thus, the data set is not a complete set of all primary schools for the selected LEAs. Indeed, the complete list of primary schools for Cumbria (at http://www.dfee.gov.uk/performance/primary 97.htm) shows that tests results are withheld for 35% of the primary schools, although this percentage is much smaller in urban areas, with Manchester, for example, having no results withheld. This variability in data completeness has implications for data analysis and in identifying school catchment areas. A common GIS approach to defining catchments' around a point data set is to create Thiessen polygons. However, in this case, owing to data incompleteness a misleading picture would emerge and, in section 5, another approach has been sought.
The geographical coordinates for each primary school have been geocoded from its unit postcode. Unit postcode coordinates are based on the start of the`postman's walk' for a postcode and are recorded to the nearest 100 m. Given this resolution, it is not inconceivable that two or more unit postcodes may have the same coordinates. A further implication of this level of geographical resolution is that, given the small spatial extent of enumeration districts (ED) in urban areas, there is considerable uncertainty in unambiguously identifying which ED a unit postcode relates to. Even at ward level, any unit postcode positioned by its coordinates within 100 m of a ward boundary is ambiguous in terms of which ward it relates to. An initial inspection of the data set showed this to be sufficiently frequent for census data reported at the postcode-sector level to be adopted in this study. Not only do unit postcodes unambiguously nest within postcode sectors, but the commercial data set used includes 1995 population updates and features population-weighted centroids for each postcode sector. The data set, however, is not without its problems as eleven of the primary schools fell within postcode sectors that contained no households and therefore provided no relevant census data with which to contextualise. However, as the final methodology (after some initial analysis) adopted geostatistical smoothing of the census data, the use of postcode sectors or wards as the reporting unit is largely immaterial and either can be used in future applications of the methodology.
5 Robust normalisation, geostatistics, and weighted absolute deviation 5.1 Robust approaches to exploratory spatial data analysis Exploratory Data Analysis (EDA) is an approach to data analysis formalised through Tukey's seminal work (Tukey, 1977) . EDA is numerical and graphical detective work to maximise what is learned from data (quality, extremes, patterns, associations) and to facilitate the perception of meaningful hypotheses. The numerical and graphical methods employed are characterised by their robustness in the form of resistance to outliers and nonreliance on the underlying assumptions of classical statistics. Thus the median and the interquartile range are used extensively as numerical summaries of a distribution instead of the mean and the standard deviation öthe latter being particularly nonresistant to extreme values or departures from a Gaussian distribution (Hartwig and Dearing, 1979) . Exploratory spatial data analysis (ESDA) is the application of EDA to spatial data. Given some of the unique aspects of analysing spatial data, such as the modifiable areal unit problem, boundary effects, spatial autocorrelation, nonstationarity, and the use of nonrandom sampling schemes (Fotheringham and Rogerson, 1993) , the possibilities of transgressing statistical assumptions are considerable when analysing geographical data. Thus, robust approaches provide an inherently safer route in exploring spatial data (Brimicombe, 1999) . The tools central to the current study are robust normalisation, rank correlation, and partial rank correlation.
The method of robust normalisation and its implications are best discussed by reference to boxplots (figure 3). Boxplots are constructed around the median and interquartile range and show the relationship of these to any extreme values. One and a half times the interquartile range (the hinge-spread) above or below the quartiles gives the boundary for`possible outliers' and three times the hinge-spread gives the boundary for`probable outliers' (Hartwig and Dearing; 1979; Tukey, 1977) . Thus, the boxplot is also a method of establishing outliers. Sibley (1987, page 19 ) discusses the rescaling of boxplots so as``to set aside summary values in order to observe other effects''. He considers standardising boxplots (see figure 3) to be analogous to the z-score transformation of the normal distribution where the mean becomes zero and one standard deviation above and below the mean become 1 and À1, respectively. However, only in the special case of the median falling exactly midway between the values of the upper and the lower quartile will the quartiles be similarly transformed to 1 and À1, respectively, in a standardised boxplot. Other than this special case, the quartiles are transformed to values that are difficult to interpret and the recognition of negative and positive outliers is dubious. To overcome this, the transformation used in robust normalisation is an asymmetric division by the median to quartile range on either side of the median: Figure 3 . Robust normalisation illustrated through boxplots and map legend classes.
Constructing and evaluating contextual indices using GISFor robust normalised data, values less than À3 or greater than 3 can be considered as extreme values. This cutoff approximates 1.5 times the hinge-spread of an ordinary boxplot. No differentiation is made here between`possible' and`probable' outliers and both are treated as extreme values. The initial work on robust normalisation and its application is given in Brimicombe (1999) . The advantages of this approach for the present study are:
(1) it is a data transformation based on robust measures (median and interquartile range) and therefore inherently more resistant given the nonnormal distributions often encountered in census data (figure 2) and similarly in the primary schools data, particularly in the light of sensitivity of z-scores to nonnormal distributions (Bradford et al, 1995) and recent criticism of the w 2 transformation in index construction (Connolly and Chisholm, 1999; Simpson, 1996) . (2) it provides a consistent means of identifying both usual (interquartile) and extreme values; (3) since all variables are transformed to the same scale centred on zero and interquartile range between À1 and 1, the construction of an index from several variables can be better controlled and analysed in terms of outcomes (discussed further below); (4) an index can itself be robust normalised to identify both usual and extreme values; (5) a consistent class interval can be developed for cartographic visualisation ( figure 3 ). An objection to this transformation may be its unequal treatment of the data either side of the median. This is a function of the desired intuitive outcome of the transformation (median 0, upper quartile 1, lower quartile À1). The perceived`break' at the median is similar to the incremental breaks inherent in logarithmic transformations through the choice of base values such as e (2.71828) and 10. As with any data transformation and standardisation, choice depends on the specific effect required and robust normalisation has been chosen in this study for the specific properties given above and is part of the experimental methodology being investigated here.
Initial rank correlations
The first stage in the analysis was to identify, from the initial selection of variables in table 1, which of these variables seem best to represent the socioeconomic contextual effects on the Key Stage 2 test ratings and also to ascertain the internal correlations between the variables. By truncating the last two letters from the unit postcodes to become a sector postcode, the primary school data could be joined with the postcodesector census data. Eleven schools were located in postcode sectors without households and were omitted. Rank correlations of the school-based census variables and test ratings are given in table 2, along the row entitled PCS. Although this gives some indication of the dominant variables and, for example, shows little differentiation between individual gender educational status (LOWED M and LOWED F ; variables which are subsequently dropped), the analysis is flawed for the following reasons: (1) it takes no account of catchment areas that are likely to extend beyond the single postcode sector that the primary school is located in; (2) it is common for more than one primary school to fall within a single postcode sector (for example, there are seven primary schools in postcode sector DH1 2xx), and so census values are repeated and may introduce an unacceptable bias into the rank correlations.
A modified approach that overcomes these problems was therefore developed involving geostatistical interpolation, with the initial rank correlations nevertheless used to judge the validity of the results.
Geostatistical interpolation
Many geographical phenomena vary continuously over space. The seemingly abrupt changes in, say, employment patterns that appear to occur when mapping to discrete spatial units such as wards are often only artefacts created by the often arbitrary spatial discretisation resulting from administrative boundaries imposed on the spatial distribution of the true phenomenon. One common GIS approach of transforming spatially discretised data into a spatially continuous field is by interpolation. The interpolation method of ordinary kriging has been adopted for this study because the census variables under consideration are not spatially randomly varying (that is, they will exhibit a degree of autocorrelation) and also because a degree of spatial smoothing is desirable in order to introduce a school-catchments effect. Kriging is a set of geostatistical approaches to interpolation based on the regionalised variable theory in which the spatial variation of a variable is the sum of three components: structural drift; a random, but spatially correlated, component; and a residual error. The theory of kriging and its implementation are given in standard texts such as Cressie (1991) , Isaaks and Srivastava (1989), and Wackernagel (1995) with public domain software provided in Deutsch and Journel (1992) .
The postcode-sector census data used in this study have geographical coordinates for population-weighted centroids. These centroids (excluding those postcode sectors in the study area for which there are no household data) formed the basis of the interpolation. Each of the census variables was in turn attached to the centroids, a variogram was constructed, and an interpolated value for that variable was calculated at the geographical coordinates of each primary school. Thus, interpolated values of the census variables could be attached to all the primary schools as attributes. The surface could be progressively smoothed by specifying an increasing minimum number of postcode-sector centroids to be included in the calculation of the interpolated value at any given point. This is to simulate increasingly larger minimum school-catchment areas within the interpolation technique. Tests on the data showed that increased smoothing resulted in decreased rank correlation of all variables with the Key Stage 2 test ratings except for rented accommodation, as given in table 2 along the rows entitled K05 to K15. The pattern of correlations is not dissimilar to those for the uninterpolated postcode-sector data (row PCS in table 2) remembering the likely bias in these first correlations discussed above. For the kriged data it is likely that in the urban areas more than the specified minimum number of postcode sectors are included in the calculation of the interpolated value as a result of the shape of the variogram, and that this minimum constraint strictly applies only in the rural areas where there are more extensive postcode sectors. Thus, in the urban areas the notion of`catchment size' is driven more by the spatial covariance structure of the data. After due consideration, the kriged data set K05 was adopted for the remainder of the study since the`catchment effect' in K10 and K15 may be too spread in the rural areas.
An index of ambient disadvantage
Having established a data set of proxy census variables for each primary school that is not based solely on the postcode sector (or ward) in which it is located, it is now possible to pursue a methodology that establishes which of these theoretically possible variables could be included in a contextual index and which ones are not carried forward. Table 3 summarises three ways of looking at the variables, and the strength of their individual relationship to the test resultsöthe R 2 value of the regression-line equation, the rank correlation, and the partial rank correlation. The most indicative, given the sometimes high internal correlation between variables, are the partial rank correlations. These are calculated for each variable with reference to its highest internal correlation with the other variables (or, in the case of a tie, with the one that gives the lowest partial rank correlation). Some interesting results arise. The first five ranking variables in terms of strength of relationship as evidenced from R 2 and rank correlation are: rented accommodation, unemployment, low educational status, low segment employment, and limiting long-term illness. However, looking at the partial rank correlations, mobility rises from seventh place to third place in importance, whilst limiting long-term illness falls from fifth place to last place. This is because limiting long-term illness is highly correlated with unemployment (0.81) and rent (0.66) whereas mobility is not highly correlated with any of the other variables. Because the partial rank correlations have, to some extent, removed the effect of strong internal correlations between variables, they have been used to choose which variables to take forward for index construction in preference to, say, R 2 . Thus, the six variables having a negative partial rank correlation greater than 0.1 were carried forward to construct an index of ambient disadvantage for aggregate pupil performance of the primary schools in the study area. These were: rented accommodation (RENT), unemployment (UNEMP), low-segment employment (LOWSEG) defined as households in social class DE (personal service, semiskilled, unskilled manual, and agricultural workers), mobility (MOBILE), children in single parent families (SPFC), and low educational status (LOWED). I consider this result to be both intuitively sound in relation to variables identified in the literature cited above and indicated by the data. The six census variables were then robust normalised in preparation for their being combined into an index of ambient disadvantage. A decision needed to be made on how to weight the variables and how they were to be combined. As with many indices, simple summation of the weighted variables was considered plausible, particularly as it was intended that all the weights should sum to 1. Three possible weightings of the six variables were considered intuitive (equal weight, adjusted rank correlations, and figure 4 (a) (over). The number of variables was then reduced to four to gauge the effect. Unemployment was excluded because its internal correlations with four of the other variables were greater than 0.66 and children in single-parent families were excluded because this variable has the lowest partial rank correlation with the test ratings. Again, weights assigned were`equal summing to 1', (W4) and`adjusted rank correlations, summing to 1' (W5). The index from W5 produced a slightly higher rank correlation with the test ratings of À0X487 and a more symmetrical and compact boxplot. Finally, a heuristic weighting of the four variables (W6) was derived from a Monte Carlo simulation using randomly generated weights adjusted so as to sum to 1. This index had the highest rank correlation to test ratings at À0X492. This weighting scheme also produced an index whose distribution is the most symmetrical over the smallest total range and with its median closest to zero of all the weighting schemes and variable choices considered [figure 4(a), over]. However, a more detailed study of the internal reliability of the indices derived from the six weighting schemes needs to be carried out before one of them can be deemed most fit for this purpose in contextualising for ambient disadvantage.
Weighted absolute deviation
One of the hidden advantages of using robust normalised variables in the calculation of a contextual index is that a realistic measure of support for the index, a weighted absolute deviation, can be calculated. Quite simply, the absolute differences between the value of each variable and the final index are weighted accordingly and summed.
Where the values of the variables are similar, that is, all supporting the same conclusion regarding the level of ambient disadvantage, then the index value will be close to the variable values and the weighted absolute deviation is low. Conversely, where the variables are ambiguous about the level of ambient disadvantage (some high, some low) then the weighted absolute deviation is high. By reference to the boxplots and scatter diagrams in figure 4(b) (over) and figures 5(a)^5(f ) (over), respectively, some further differences in the six calculated indices emerge. Indices W1 through W4 show, to different degrees, a`plume' of outlier values of weighted absolute deviation for higher values of the index, indicating a generally low level of support for each of the indices where there are the highest levels of ambient disadvantage and hence, presumably, the greatest interest. However, indices W5 and W6, despite having outliers of weighted absolute deviation, do not exhibit such a`plume' to nearly the same degree. Index W6 has the most compact, symmetrical scatter diagram in figure 5(f ) (over). Index W6 is plotted in figure 6(a) (over) and shows the expected pattern of highest ambient disadvantage in the older industrial areas. A map of values of weighted absolute deviation greater than or equal to 2 for this index [in figure 6(b) , over] interestingly shows clustering centred on Newcastle, Durham, York, Leeds, and Manchester. The four robust normalised census variables örented accommodation [R(RENT)], low-segment employment [R(LOWSEG)], mobility [R(MOBILE)], and low educational status [R(LOWED)]öcontributing to this effect are plotted in figure 7 (over). These areas are characterised overall by an extreme level of mobility (b 3), upper quartile of rented accommodation (which would be consistent with high mobility), interquartile range of low-segment employment, and below median of low educational status (in other words, better educated). The contrast between the very high mobility (weighted low) and the better educational status (weighted high) has lead to a low level of support over a range of ambient disadvantages for just 2.8% of the primary schools.
On the balance of the evidence, the index using weighting scheme W6 was adopted as the contextual index of ambient disadvantage (IAD) for experimentally carrying forward a composite index of contextualised primary school performance. (b) Figure 6 . Mapped distribution of (a) the ambient disadvantage from weighting scheme W6 and (b) the weighted absolute deviation from weighting scheme W6.
Further composite contextualisation
Having developed a methodology for constructing and analysing an index of ambient disadvantage, the next stage was experimentally to use the same methodology to construct a composite contextualisation for the primary schools that would incorporate the test ratings, the number of pupils for which they were achieved, and the ambient disadvantage in which they were achieved. Here then, the aggregate test scores of a primary school are viewed as just one aspect of its overall contextualisation. Although other school-based variables might be included in any such composite index and may, with development, achieve the status of an index of value-added performance, the purpose here is simply to explore the effects of bringing together the test score ratings (RATING), cohort size (PUPILS), and the index of ambient disadvantage (IAD) into a single index. Again, the starting point is the robust normalisation of the three variables [R(RATING), R(PUPILS), and R(IAD)]. Weights can then be assigned. Table 5 shows Further analysis of index F5 is given in figure 11 (see over). Figure 11 Figure 8 . Analysis of weighting schemes F1 to F5: boxplots of (a) the index of value-added performance; and (b) the weighted absolute deviation. (or beyond) of the lower quartile. This shows the traditionally held and empirically validated view of less successful primary schools in poorer inner-city areas and more successful primary schools in comparatively well-off suburbs and small towns (Gordon, 1996) . Figure 11 (b) shows an almost opposite view when using index F5 (robust normalised). The suggestion is that for inner-city primary schools, the aggregate test scores show considerable achievement in the face of larger classes and higher ambient disadvantageöin stark contrast to many suburban and rural areas. Although this is just one composite contextualisation among a range of possibilities, it is the product of a controllable, transparent methodology which demonstrates both the possibility and the usefulness of moving beyond the current simplistic and probably misleading aggregate performance tables based solely on average examination scores.
Discussion
The main impetus for this study has been the development of a revised methodology of data handling and index construction using spatially aggregated census variables. This has been alongside recent criticism of established methodologies (for example, Connolly and Chisholm, 1999) . Central to this methodology is robust normalisation, which achieves a common scale for the interquartile range and a consistent range of values for identifying extremes regardless of the initial skewness inherent in the data (and indeed a common feature of census data). The characteristic of robust normalisation allows inclusion and weighting of variables into an index to be modelled for consistency and level of support through weighted absolute deviation.
The example to which this has been applied rests on the premise that aggregate examination scores, without some form of contextualisation, are not a good guide to the comparative performance of schools. A number of previous studies have sought to identify relevant explanatory variables (Gordon, 1996; Higgs et al, 1997a; Kelly, 1996) or to develop models (Coombes and Raybold, 1997; Gibson and Asthana, 1998; Thomas and Mortimore, 1996) predominantly for secondary schools. Techniques have included univariate correlation and regression, multiple regression, factor analysis, and multilevel modelling. The most commonly employed census variables have been ethnicity, socioeconomic, housing, mobility, family, and education level. The objective of this study has not been to add substantively to our current knowledge of what external variables may influence either aggregate or individual pupil performance but to draw upon previous research in the initial choice of variables. The goal has been to use the methodology to explore deprivation-type contextualisation, not to develop a predictive model.
Contextualising a catchment area provides additional complexity, though this is by no means unique to schools. Gibson and Asthana (1998) and Higgs et al (1997b) have, for example, studied catchments determined by pupil postcodes. Higgs et al (1997a) have also used approximated contiguous nonoverlapping catchment areas for those schools for which these could be identified. Where individual pupil postcode data are not available, estimation using standard GIS techniques such as buffering or Thiessen polygons are not really justified from a theoretical standpoint. This study has experimented with kriging interpolation of variables incorporating a controlled element of smoothing so as to`simulate' a catchment effect. Judgment is required in fitting curves to the variograms, not all of which show good autocorrelation structures (in other words, an element of randomness). Thus, although it is less objective than or as easy to use as, say, a triangular mesh for interpolation, kriging is widely regarded for its geostatistical approach. However, its effectiveness in this context could benefit from further study. Interpolation of variables does not overcome the ecological fallacy and care needs to be taken that any contextualisation remains at the appropriate resolution of the school and hence the real importance of being able to characterise the catchment area. It should be further noted that high levels of selectivity within a catchment area raise further issues of the representativeness of the catchment-level variables derived from area-based demographic data. Here, too, there is ample room for further study.
The method of judging variable inclusion through inspection of partial rank correlations represents a tension between simpler techniques that are perhaps mediocre, yet reliable, and more complex techniques that appear to offer greater discrimination and yet may fail unnoticed (Openshaw, 1995) . Many of the authors cited above have noted the high internal correlations that exist between many of the proxy census variables used in deprivation studies. These will, for example, risk ill-conditioning the correlation matrix used in factor analysis or result in misleading bivariate analysis as seen in the R 2 for variables LLTI and MOBILE in relation to the test scores [ figure 2(b) ]. Both of these techniques are also sensitive to the nonnormality inherent in census data. The final mix of variables that were used accords broadly with the other studies cited, although of course there remain differences. For example, Higgs et al (1997a) in their factor analysis of 53 school catchments in South Wales found three rotated factor patterns of advantage/disadvantage, Welsh speaking, and ethnicity. This clearly shows the effect of local variables and bears out Bradford's (1991, page 326 ) comment that``there is a major question mark then, on the extent to which a set of adjustments for local residential environments calibrated in one part of the country can be translated and used in another''. This points to the need for ease and flexibility towards assessing variable inclusion and a greater willingness to partition regionally in order to accommodate local factors (Brimicombe, 1999) .
The use of an index for contextualisation is, of course, open to debate. Apart from the issue of variable inclusion already discussed, there is the issue of weights in the summation. This study has presented a novel approach to evaluating these ( figure 4 ). An index can be accused on the one hand of oversimplifying issues by collapsing a multidimensional space into a single dimension and on the other of perhaps not being readily comprehended by users. The composite contextualisation may more usefully have been left as a spinning three-dimensional graph on which a user could highlight a school of interest, but more than three dimensions to such a contextualisation and multiple plots would be required. Is an index less comprehensible to the public than standardised residuals from multiple regressions or scores from factor analysis? In an age of web-based information dissemination users might wish interactively to adjust weights and judge the impact for themselves. After all, is the emphasis on performance tables not almost obliging the development of a statistically critical citizenry (Dorling and Simpson, 1999) ?
Conclusions
The performance of schools has come under intense focus in the current UK political agenda with league tables based on examination scores being the principal indicators informing policy and parental choice. They have recently started to have an influence on policy towards teacher pay awards. However, given both the recognised defects of aggregate average scores and the broad link between pupil performance and their socioeconomic environment, it is desirable to have some means of contextualising examination scores to provide better information on the relative performance of schools. In this paper I have focused on a methodology of index construction (applicable to a range of public service provision) and have illustrated its effect for 3687 primary schools in the north of England. The methodology has used geostatistical interpolation of census variables to simulate the effect of school-catchment areas. Rank correlation and partial rank correlation have been used to analyse these variables for possible inclusion in an index of ambient disadvantage and to suggest possible weights. Robust normalisation has played a key role in variable transformation and standardisation so that indices can be constructed in a controlled way (varying weights and variable inclusion) and the internal consistency and level of support for an index analysed through weighted absolute deviation. The methodology contributes towards the current debate on indexation methodologies, particularly related to aspects of inequalities and deprivation. Robust normalisation is suggested as a workable alternative to z-scores and w 2 transformation. Used in a case study of 3687 primary schools it has produced some interesting results informing future lines of enquiry.
